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Forecasting the unemployment rate 




This study aims to refine unemployment forecasts by incorporating the degree of consensus in consumers’ expecta-
tions. With this objective, we first model the unemployment rate in eight European countries using the step-wise 
algorithm proposed by Hyndman and Khandakar (J Stat Softw 27(3):1–22, 2008). The selected optimal autoregressive 
integrated moving average (ARIMA) models are then used to generate out-of-sample recursive forecasts of the unem-
ployment rates, which are used as benchmark. Finally, we replicate the forecasting experiment including as predictors 
both an indicator of unemployment, based on the degree of agreement in consumer unemployment expectations, 
and a measure of disagreement based on the dispersion of expectations. In both cases, we obtain an improvement 
in forecast accuracy in most countries. These results reveal that the degree of agreement in consumers’ expectations 
contains useful information to predict unemployment rates, especially for the detection of turning points.
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1 Introduction
Unemployment is a key macroeconomic variable and 
is crucial for economic planning. The Great Recession 
of 2008 and the euro debt crisis have had an important 
effect on the evolution of unemployment in Europe, 
although there are large cross-country differences. 
While in some countries the unemployment increased 
and peaked shortly after, in other countries the unem-
ployment rate increased steadily and has remained very 
high. Differences are also very important in quantitative 
terms. While countries such as Germany and the Nether-
lands show very low unemployment rates, Mediterranean 
countries still show very high unemployment rates in 
spite of large decreases in recent years. These differences 
across countries have led us to analyse whether the inclu-
sion of the degree of agreement in consumers’ expecta-
tions can help improve unemployment rate forecasts in a 
set of eight long-term member states that comprises this 
diversity (Austria, Germany, France, Italy, Greece, Portu-
gal, the Netherlands, and the United Kingdom).
While several authors have addressed the effect of 
online job searches on unemployment forecasts (Askitas 
and Zimmermann 2009; D’Amuri and Marcucci 2017; 
Vicente et  al. 2015), unemployment expectations have 
been overlooked. This study aims to fill this gap by incor-
porating information coming from qualitative surveys. 
In recent years, evidence has been found that consumer 
expectations contain valuable information in order to 
improve predictions of employment (Abberger 2007; 
Claveria et  al. 2007; Hutter and Weber 2015; Lehmann 
and Wohlrabe 2017). These studies focus on a single 
country, more specifically in Germany, and compare the 
role of different employment indicators. Other studies, 
such as that of Lehmann and Weyh (2016), focus on the 
role of survey expectations aggregated in balances. Direct 
measures of economic expectations can only be derived 
from economic tendency surveys, in which respondents 
are asked if they expect a certain variable to increase, to 
decrease or to remain constant. Survey results are usually 
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presented in the form of balances, which are obtained 
as a subtraction between the percentage of respondents 
who expect an increase and that of those who expect a 
decrease.
In this study we aim to refine forecasts of the unem-
ployment rate by including survey expectations through 
a new aggregation procedure. The approach is based on 
a positional metric of consensus proposed by Claveria 
(2019) that gives the percentage of agreement in expec-
tations for questions with five response categories. 
This measure presents several advantages over the bal-
ance, as it is directly interpretable and allows to incor-
porate the information coming from the respondents 
that do not expect any major change in the variable. On 
the one hand, we adapt the statistic for questions with 
three response options. On the other hand, we compute 
the indicator in eight European countries and evaluate 
whether it helps to improve the accuracy of unemploy-
ment rate forecasts, comparing its performance to Bach-
mann et al.’s (2013) disagreement indicator.
With this aim, we select the optimal autoregressive 
integrated moving average (ARIMA) model for each 
country. Then, we design two independent out-of-sample 
recursive forecasting experiments. In the first one, we 
generate univariate predictions of the unemployment 
rates which are used as a benchmark. In the second, we 
extend the model so as to include the consensus-based 
indicator as a predictor in a dynamic regression model 
in order to test if there is an improvement in forecast 
accuracy.
The study proceeds as follows. In Sect.  2, we present 
the methodology. In Sect.  3, data are described. In the 
next section, results of the out-of-sample forecasting 
experiments are discussed. Finally, Sect. 5 concludes.
2  Methods
In the first place, we propose a variation of the concep-
tual framework proposed by Claveria (2019) to compute 
the degree of consensus among survey respondents for 
three reply options instead of five. The main motivation 
for this adaptation is that survey respondents are mainly 
given three response categories. They are usually asked if 
they expect a certain variable to rise (Pt), to fall (Mt) or to 
remain constant (Et). Lolić and Sorić (2018) and Zucka-
relli (2015) show that the number of response categories 
is crucial for forecast accuracy of quantified expectations. 
The original framework is based on Saari (2008)’s geo-
metric approach to determine the likelihood of disagree-
ment among election outcomes.
The most common way of presenting survey data is 
the balance, obtained as Pt  −  Mt. As consumer sur-
veys contain three additional response categories (the 
extreme options “sharp increase” and “sharp fall”, and a 
“do not know” category), we opt for grouping all positive 
responses in Pt, all negative ones in Mt, and incorporat-
ing the “do not know” share in Et. By doing so, instead 
of using a four-dimensional simplex in the form of a 
regular pentagon (Claveria 2019), we can project survey 
responses in a two-dimensional simplex in the form of an 
equilateral triangle (Fig. 1).
The omission of Et in the calculation of the balance 
statistic implies a loss of the information concerning 
the degree of certainty of the respondents. In order to 
overcome this limitation, the presented methodological 
framework allows to derive a measure of consensus that 
explicitly incorporates the share of neutral responses.
As the sum of the reply options adds to 100, a natu-
ral representation of the three aggregated shares of 
responses is as a point on a simplex (Coxeter 1969). 
Golan and Perloff (2004) design a nonparametric method 
to forecast the US unemployment rate based on the 
higher-dimensional nearest neighbours approach, which 
allows to compose a simplex that contains the point to 
forecast.
The inside of the simplex in Fig. 1 encompasses all pos-
sible combinations of reply options, which correspond to 
the barycentric coordinates of each point at a given time 
t. Given that all vertices are at the same distance to the 
centre of the simplex, the ratio of the distance of a point 
to the barycentre and the distance from the barycentre to 
the nearest vertex gives a measure of agreement, which 





Fig. 1 Simplex—equilateral triangle. The three reply options are P 
(% of “increase” replies), M (% of “fall”), and E (% of “remains constant”). 
The blue point in the simplex corresponds to a unique convex 
combination of the three reply options for a given period in time
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This consensus measure reaches the maximum (100%) 
when one reply option draws all the responses, and the 
minimum value of zero when the answers are equidis-
tributed among the three response categories. This point 
corresponds to the centre of the simplex. By smoothing 
this consensus metric with a simple moving average and 
scaling it by means of a rolling regression we obtain a 
proxy of the unemployment rate which we later include 
in the benchmark model as a predictor.
In a similar vein, Bachmann et  al. (2013) proposed 
a measure of disagreement based on the dispersion of 
respondents’ expectations that can be defined as the 
square root of the balance:
The authors applied this measure to the forward-look-
ing survey question related to the expectations of domes-
tic production activities in Germany at the micro level in 
order to proxy economic uncertainty. Since then, meas-
ures of disagreement among survey expectations have 
been increasingly used to proxy economic uncertainty 
(Claveria et al. 2019; Girardi and Reuter 2017; Glas and 
Hartmann 2016; Mokinski et al. 2015).
Both indicators are used as predictors in an ARIMA 
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and AR polynomials. The innovation is denoted as ɛt, and 
it is assumed to behave as a white noise. Lambda (λ) is 
the value of the Box–Cox transformation (Box and Cox 
1964), Ds  the seasonal difference operator, and d the 
regular difference operator. The periodicity of the time 
series is denoted as s.
In the next step, the model is extended by including the 
proxies of unemployment based on the level of agreement 
and disagreement among consumers as independent var-
iables. This model is usually referred to as ARIMAX or 
dynamic regression model, and allows to take advantage 
of the autocorrelation that may be present in residuals of 




























Finally, we generate out-of-sample recursive forecasts 
and compare the forecast accuracy of both models by 
means of the mean absolute percentage error (MAPE), 
which is a scale-independent measure that weighs the 
absolute forecast error et by the actual value of the vari-
able for every point in time:
where Yt refers to the observation at time t. The fact 
that we are dealing with positive data and comparing 
countries with different unemployment rates, makes the 
MAPE particularly suitable in this case (Hyndman and 
Koehler 2006).
3  Data
The empirical analysis focuses on consumers’ expec-
tations about the future evolution of unemployment, 
elicited from the seventh question of the Joint Harmo-
nised EU Consumer Survey conducted by the European 
Commission, which can be freely downloaded (https ://
ec.europ a.eu/info/busin ess-econo my-euro/indic ators 
-stati stics /econo mic-datab ases/busin ess-and-consu mer-
surve ys_en).
In the survey, consumers are asked how they expect the 
number of people unemployed in the country to change 
over the next 12 months. Surveys are conducted during 
the first 3 weeks of each month, and results are published 
at the end of each month, so expectations are available 
prior to the publication of official data, which makes 
them particularly useful for monitoring economic devel-
opments and short-term forecasting. The quantitative 
target variable is the unemployment rate. We use harmo-
nised seasonally adjusted rates provided by the OECD 
(https ://stats .oecd.org/index .aspx?query id=36324 ).
The sample period goes from January 2007 to Decem-
ber 2016. We use 2017 to compute the out-of-sample 
forecast accuracy. As a robustness check, we replicate the 
pseudo out-of-sample experiment for 2012, when Greece 
and Portugal had already started to adopt the European 
Union emergency measures as a consequence of the 
effects of the euro debt crisis.
In Fig.  2 we graph the main features of the unem-
ployment rate and the consensus metric described 
in Eq.  1 for the eight European countries included in 
the analysis. The percentages of consensus are quite 
homogenous across countries, being Greece and Por-
tugal the countries that show the highest average 
levels of agreement among consumers. When combin-
ing both percentages, we observe a positive relation 
between average levels of unemployment and consen-
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This notion is further confirmed in Fig.  3, where we 
graph the evolution of both the unemployment rate 
and the percentage of consensus using as a backdrop 
the distribution of the three response categories dur-
ingthe sample period.
4  Results and discussion
In this section we present the results of the two inde-
pendent out-of-sample forecasting experiments. In the 
first one, we generate predictions of the unemploy-
ment rate with the ARIMA model used as benchmark 
for each country. Model selection is done by means of 
the step-wise algorithm proposed by Hyndman and 
Khandakar (2008) implemented in R (Table  1). As the 
order selection process when using ARIMA models 
may entail a subjective factor, this automatic proce-
dure selects the model by combining unit root tests and 
the minimization of the Akaike’s information criterion 
(AIC). It uses a variation of the Casanova–Hansen test 
(Casanova and Hansen 1995) for selecting the order of 
seasonal integration (D), and successive KPSS unit root 
tests (Kwiatkowski et  al. 1992) to choose the order of 
regular integration (d).
Fig. 2 Descriptive analysis
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Fig. 3 Evolution of unemployment rates, consensus and survey responses by category. The blue area represents the evolution of the % of “increase” 
responses (P) regarding the expected level of unemployment over the next months, the grey area represents the % of “fall” responses (M), and the 
white area the  % of “no-change” responses (E). The black line represents the evolution of the unemployment rate in each country (secondary axis) 
and the dashed black line the evolution of the  % of agreement among consumers (main axis)
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In order to traverse the space of models efficiently to 
arrive at the model with the lowest AIC, the authors pro-
pose an algorithm in two steps. In the first one, depend-
ing on the periodicity, out of four possible models the 
one with the smallest AIC value is selected. In the second 
one, thirteen variations of the selected model are con-
sidered, allowing p, q, P and Q to vary. The procedure is 
repeated until no model with lower AIC can be obtained. 
The algorithm introduces several constraints on the fitted 
models to avoid problems with convergence or near unit-
roots (upper bounds to p, q, P and Q, and rejection of 
models which are close to non-invertible or non-causal). 
For more details, see Hyndman and Khandakar (2008).
We then augment the benchmark ARIMA model 
by incorporating the consensus-based unemployment 
indicator (ARIMAX_1) and the disagreement indica-
tor (ARIMAX_2) described in Sect.  2 as predictors. 
To evaluate the forecasting performance of the mod-
els we calculate the MAPE for the out-of-sample period 
(2007.01–2017.12), and replicate the experiment for 
2012.01–2012.12. To test whether the reduction in MAPE 
of the two augmented models with regards to the bench-
mark is statistically significant, we compute the Diebold–
Mariano (DM) statistic of predictive accuracy (Diebold 
and Mariano 1995). The null hypothesis of the test is that 
the difference between the two competing series is non-
significant. A negative sign of the statistic implies that the 
second model has bigger forecasting errors.
Table  2 contains the results of the forecasting com-
parison. The first three columns contain the MAPE 
values for each of the models. The last two columns 
present the results of the DM test comparing the loss 
function of the errors of the benchmark ARIMA model 
to the loss function of the errors of each augmented 
model. The model that shows the best forecasting per-
formance is the ARIMAX with the consensus-based 
unemployment indicator, which for 2017 obtains lower 
MAPE values than the ARIMA in all countries except 
Austria, and for 2012 in all countries except Italy, 
Greece and the Netherlands.
In Figs. 4, 5 we compare the evolution of the forecasts 
generated with both the ARIMA and the ARIMAX 
model with the consensus-based unemployment indi-
cator. For 2017, the lowest MAPE values are obtained 
for Italy, Greece and the United Kingdom, in which pre-
dictions that include information regarding the degree 
of agreement of expectations help to detect in advance 
the existence of a turning point in the evolution of the 
unemployment rate.
These results are in line with those of Abberger (2007) 
and Lehmann and Wohlrabe (2017), who find that con-
sumers’ employment and unemployment expectations 
respectively exhibit a high forecasting accuracy in Ger-
many. Martinsen et  al. (2014) and Österholm (2010) 
also find evidence that unemployment expectations 
help to improve unemployment forecasting in Norway, 
Sweden and Finland. Conversely, Soybilgen and Yazgan 
(2018) do not find the Consumer Confidence Index to 
Table 1 Model selection
ARIMA model ARIMA model
Austria (1,1,2)(1,0,1)12 Greece (1,2,1)
Germany (3,1,2)(0,0,2)12 Portugal (1,2,1)(0,0,1)12
France (1,1,3) Netherlands (1,1,2)(1,0,1)12
Italy (1,2,1)(0,0,2)12 United Kingdom (3,2,0)(2,0,1)12
Table 2 Out-of-sample forecast accuracy—MAPE and  DM 
test
MAPE stands for the mean percentage absolute error. The ARIMAX models 
incorporate the proxies of unemployment based on the measures of agreement 
(ARIMAX_1) and disagreement (ARIMAX_2). Diebold–Mariano test statistic 
with Newey–West estimator. Null hypothesis: the difference between the two 
competing series is non-significant. A negative sign of the statistic implies that 
the second model has bigger forecasting errors. Critical value at the 5% level: 
2.028
MAPE DM





 2017 0.66 4.94 5.01 − 4.16 − 4.45
 2012 3.13 3.09 3.09 1.84 1.81
Germany
 2017 9.08 2.69 8.30 6.49 3.84
 2012 6.23 2.37 9.97 3.46 − 4.08
France
 2017 6.22 5.49 5.03 11.24 16.61
 2012 1.78 1.10 1.68 3.68 3.97
Italy
 2017 6.28 1.49 6.43 3.79 − 1.80
 2012 1.07 1.55 1.22 − 2.01 − 1.29
Greece
 2017 6.36 1.58 4.93 4.23 5.30
 2012 6.72 8.47 5.99 − 2.76 4.28
Portugal
 2017 8.58 3.94 3.93 6.18 5.06
 2012 5.45 4.03 2.32 5.50 4.28
Netherlands
 2017 7.13 6.15 6.69 6.15 5.67
 2012 1.85 3.44 2.68 − 3.52 − 3.55
United Kingdom
 2017 2.13 1.79 7.19 0.74 − 5.15
 2012 7.45 6.74 7.12 3.44 3.46
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Austria – ARIMA Austria – ARIMAX
Germany – ARIMA Germany – ARIMAX
France – ARIMA France – ARIMAX































































































Fig. 4 Unemployment forecasts—ARIMA vs. ARIMAX. The red line represents the evolution of the unemployment rate in each country, the blue line 
the forecasts of the unemployment rate, and the vertical green segments the 95% confidence interval of the out-of-sample predictions. ARIMAX 
stands for the augmented ARIMA model including as a predictor the consensus-based unemployment indicator proposed by Claveria (2019)
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Greece – ARIMA Greece – ARIMAX
Portugal – ARIMA Portugal – ARIMAX
Netherlands – ARIMA Netherlands – ARIMAX


































































































Fig. 5 Unemployment forecasts—ARIMA vs. ARIMAX. The red line represents the evolution of the unemployment rate in each country, the blue line 
the forecasts of the unemployment rate, and the vertical green segments the 95% confidence interval of the out-of-sample predictions. ARIMAX 
stands for the augmented ARIMA model including as a predictor the consensus-based unemployment indicator proposed by Claveria (2019)
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play an important role in nowcasting the unemploy-
ment rate in Turkey.
5  Concluding remarks
This paper assesses the predictive value of a novel meas-
ure of consensus among agents’ expectations. This metric 
presents several advantages over alternative aggregation 
procedures of qualitative survey expectations. On the 
one hand, as it gives the percentage of agreement among 
respondents, it is directly interpretable. On the other 
hand, it allows incorporating information from respond-
ents who do not expect any change in questions with 
three response options.
The study analyses whether the inclusion of the infor-
mation coming from the degree of agreement among 
consumers’ expectations helps to refine forecasts of the 
unemployment rate in eight European countries. First, 
we generate out-of-sample recursive forecasts with 
ARIMA models that are used as a benchmark. Then, we 
include the consensus-based unemployment indicator 
and a measure of disagreement as predictors in the mod-
els. Our results show that the proposed indicator leads to 
an improvement in forecast accuracy in most countries. 
The indicator of disagreement also helps refine predic-
tions. This finding allows us to conclude that both the 
level of agreement in consumer unemployment expecta-
tions contain useful information to forecast unemploy-
ment rates, especially for the prediction of turning points 
detected by agents in advance.
The variation of improvements across countries does 
not only reflect differences in the explanatory power of 
the agreement indicators used as predictors, but also 
other country-specific factors that represent the hetero-
geneity in the respective labour markets and in the pre-
dictive capacity of consumers. Extending the analysis so 
as to control for some of these factors is an issue left for 
further research.
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